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Organizations globally have prioritized pay 

equity. Many conduct annual analyses to assess 

equity issues and consider targeted pay adjust-

ments. But this same analysis can also provide critical 

insights to optimize rewards programs. 

Pay equity analysis relies on regression models, which 

predict pay from legitimate factors for different workforce 

segments. The segments are intended to reflect differ-

ences in rewards philosophies — differences in how, for 

instance, experience and performance are expected to 

affect pay. This study looks across 54 companies, and 

817 segments across those companies, to reveal actual 

variation in these philosophies. In particular, the work 

does various things: characterizes philosophy “clusters”; 

describes the salient differences between segments that 

fall into these clusters; and examines how these clusters 

vary within industries.

The study also provides guidance as to how to look 

critically at such regression models to classify the 

philosophies that actually play out “on the ground” and 

identify opportunities for optimization of practices. At 

a baseline level, the models will be confirmatory and 
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relied upon to support statements related to the employee value proposition (e.g., 

“we pay for performance”). But the models can also reveal misalignments — places 

where, for example, employees who should be paid for performance are rewarded 

instead based on company experience.

DATA
The study relies on data from pay equity projects conducted by Mercer during the 

past two years, representing more than 2 million employees. The data include, for 

each employee in the analysis, information on pay (base pay and/or an appro-

priate total compensation construct) and potential “drivers of pay.” These potential 

drivers include the following: experience (proxied by age, tenure and time in 

job); performance (above-average performance rating); career level or pay grade; 

job function or job family; the number of direct reports; business unit or depart-

ment; and work city.

To calculate the impact of these drivers on pay, we run a linear regression for 

each workforce segment. The dependent variable modeled is total compensation, 

if incentive data are available, and base pay otherwise. Generally, where incentive 

data are not available, incentives are not a substantial part of the rewards package. 

All models rely on the consistent set of drivers described earlier. To ensure compa-

rability, we limited the models to full-time employees.

Our analysis database for clustering includes the impacts of these drivers for 

each segment. In particular, the impacts of age, tenure, time in job and high 

rating are points of examination. Further, a separate model that accounts for only 

career levels or grades, as separate indicator variables, provides a single, sufficient 

measure of the importance of position; the “R-Squared” statistic represents the 

percentage of variance in pay explained by position alone.

Table 1 shows illustrative driver effects for a set of three segments. For age, 

tenure and time in job, the table represents the average one-year incremental 

impact of each on pay in each segment, all else equal. The effect of high rating 

shows the difference in pay between those with a high rating and those without 

a high rating, again, all else equal. For career level, the table represents R-squared 

TABLE 1 Driver Effects for Three Illustrative Segments

Estimated Effects of Drivers

Segment
Age  

(+1 year)
Tenure  

(+1 year)
Time in Job 

(+1 year)
High Rating 

(vs not)
Career Level 
(R-Squared)

Segment 1 1% 1% 1% 4% 80%

Segment 2 2% -1% 2% 10% 60%

Segment 3 0% 2% 0% 0% 90%

Notes: Three segments with pay effects shown for age, tenure, time in job and high rating on pay 
from a linear regression that also accounted for work location, span of control, career level and 
organizational unit. The career-level effect is the R-squared from a model controlling only for level 
or grade.
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as defined above. In the first segment, all forms of experience are equivalently 

rewarded, whereas age (general experience) and time in job are rewarded in the 

second, and tenure is rewarded in the third. Tenure is notably penalized in the 

second segment, denoting market pressure reflected in higher pay of new hires. 

The second segment heavily rewards performance and the third segment targets 

rewards strongly to role.

To support the clustering of the segments, the five drivers are statistically stan-

dardized to level the influence of each relative to each other.

This analysis database contains 906 global segments with broad industry 

coverage (367 segments represent non-U.S. employees). Results based on this 

database are robust to the inclusion or exclusion of 89 outliers with effects below 

the first percentile or above the 99th percentile, though results are presented 

having excluded those cases. Our analysis, therefore, covers 817 segments across 

54 global companies. 

METHODOLOGY AND ANALYSIS
The core contribution of this study is to cluster the segments according to similarity 

in pay practices, using cluster analysis. Cluster analysis is a branch of machine 

FIGURE 1 Dendrogram Showing Clustering of Segments Based on Drivers of Pay Using 

AHC

Notes: The vertical axis “height” represents the correlation-based distance, or similarity, between 
the original and new clusters. Based on the observed average drivers in a potential cluster, the 
authors chose to focus on five clusters shown below the blue line as representing key differences 
in philosophy.



9 Second Quarter | 2021

learning that partitions observations across groups based on their similarity on a 

set of factors, which in this case are the drivers. 

Agglomerative hierarchical clustering (AHC), a popular clustering approach, is 

the chosen technique. AHC uses a tree-based algorithm that, at each successive 

step, groups together the most similar “leaf” with growing “branches” or clus-

ters (James et al. 2013). This analysis produces a plot, called a dendrogram. A 

dendrogram looks like an upside-down tree, with leaves at the bottom and the 

trunk at the top.

Figure 1 shows a dendrogram produced after running the algorithm on the 

analysis dataset. There are 817 leaves at the bottom of the graph — one for each 

segment. Moving up the tree, leaves merge to form branches. The order in which 

these segments, or clusters of segments, fuse is based on their similarity. At each 

step of the algorithm, the pairwise correlation across the drivers is evaluated 

between every remaining cluster (using the average drivers in each cluster), and 

the two “closest” clusters are combined. (The metric chosen to measure similarity 

between observations is the correlation-based distance, as opposed to the more 

common Euclidian distance. The latter weighs similarity factor by factor and can 

show similarity based on just a small number of factors being close together, 

while correlation-based distance weighs similarity across all the factors, which is 

consistent with our intent of having clusters reflect distinct pay patterns.) On the 

first iteration, each segment makes up its own cluster. On the last iteration, all the 

segments come together into one cluster.

To align on a set of pay philosophies, one must define the clusters such that 

they are suitably different from one another — with distinct observable differences 

in the drivers as opposed to nuances — but also such that differences within the 

cluster are minimized. The blue line drawn on Figure 1 intersects five branches 

to produce as many clusters below, which appear to best achieve the trade-off 

described based on review of the resulting clusters.

TABLE 2 Average Effects of Drivers on Pay for Each Cluster, with Characterization

Cluster 
Character-

ization
Age  

(+1 year)
Tenure  

(+1 year)

Time  
in Job  

(+1 year)

High 
Rating  
(vs not)

Career 
Level 

(R-Squared)
# 

Segments

Population 
Average

0.35% -0.01% 1.32% 6.16% 75.85% 817

Role-Based 0.30% 0.17% 0.60% 2.65% 88.68% 288

Commitment 0.24% 0.61% 0.78% 6.41% 47.01% 133

General 
Experience

0.85% -0.09% 1.07% 9.24% 61.96% 78

Performance 0.09% -0.14% 1.52% 10.63% 80.52% 160

Specialist 0.55% -0.71% 3.03% 6.29% 78.85% 158

Notes: “Career Level (R-squared)” represents the average variance in pay explained by a model 
controlling only for level or grade. The “Population Average” is calculated over all 817 segments.
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FIVE PAY CLUSTERS OF PHILOSOPHIES
The five identified clusters each represent what we think is a common pay philos-

ophy. To represent these philosophies, we computed the average effects of the 

key fields across all segments in each cluster. The average effects and the number 

of segments in each cluster are represented in Table 2. For comparison purposes, 

the average effects for the whole population of segments are represented at the 

top of the table.

The clusters can be characterized as follows:

 ❙ In the role-based compensation cluster, level or grade alone explains 89% 

of the variance in pay, on average, as compared to 76% of the overall popula-

tion. All other factors have a below-average effect. In this cluster, pay is driven 

heavily by the employee’s role. For these organizations, there is likely a strong 

focus on benchmarking pay role-by-role. Employees see pay rise as they move 

up the hierarchy. 

 ❙ In the commitment cluster, tenure drives pay. Segments within this cluster value 

long-term relationships with employees — their unique knowledge of company 

systems and intellectual capital and their relationships with clients and colleagues. 

 ❙ In the general experience cluster, age, a proxy for potential time in the 

workforce, drives pay more strongly than in other clusters. In these segments, 

employees are paid for overall experience. Tenure is notably uncorrelated with 

pay, which means that these segments focus on rewarding skills that are transfer-

able between companies. Performance is also noted to have a sizeable impact 

for segments in this cluster.

TABLE 3 Representative Companies, for Selected Industries, and % of Segments  

in Each Cluster

Industry Company
Role- 
Based Commitment

General 
Experience Performance Specialist

Company 
Average

40% 17% 11% 15% 18%

Financial 
Services

FS 1 5% 7% 8% 30% 50%

FS 2 12% 15% 11% 43% 18%

FS 3 6% 56% 25% 8% 6%

Life 
Sciences

LS 1 57% 28% 0% 2% 14%

LS 2 100% 0% 0% 0% 0%

LS 3 84% 4% 8% 0% 4%

Technology

T 1 34% 15% 2% 47% 2%

T 2 29% 41% 12% 0% 18%

T 3 31% 19% 19% 6% 25%

Energy

E 1 81% 19% 0% 0% 0%

E 2 94% 0% 0% 6% 0%

E 3 93% 0% 0% 7% 0%

Note: All companies shown have more than 10 segments.
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 ❙ In the performance cluster, receiving a high rating is a very strong driver of 

pay. Time in job and the role itself both also contribute strongly to pay, perhaps 

reflecting that performance comes through specific expertise.

 ❙ In the specialist cluster, time in job is a strong positive driver of pay while 

tenure has a negative effect. Employees who build role-specific expertise are 

strongly rewarded, while there is a sizeable cost to building broad company 

expertise (e.g., through lateral transfer). One might also argue that specialized 

employees occupy technical roles, which have higher market prices. In this case, 

the negative tenure effect may reflect compression issues (i.e., new hire premiums).

DIFFERENCES IN PHILOSOPHIES WITHIN COMPANY AND 
ACROSS INDUSTRIES
Pay philosophies vary within a company. For one global financial services company, 

for example, we found that front-office segments were more often associated with 

the performance cluster, but IT employees were more often associated with the 

specialist cluster. Similarly, we found North American and European segments 

associated with the performance cluster and Asian segments associated with gener-

alist and specialist clusters.

Noting the regional and job function-based variation within companies, there are 

distinct philosophies associated with industries (as seen in Table 3). Specifically:

 ❙ In financial services, performance and specialist pay philosophies prevail. This 

reflects a focus on incentives and a heavy reliance on technical talent (e.g., 

quantitative analysts).

 ❙ In technology companies, the generalist and specialist pay philosophies are well 

represented. The organizations seem to balance general experience, gained as 

employees move across companies, against specific skills.

 ❙ In the life sciences and energy sectors, pay is very much driven by expertise, 

as represented by role. For these organizations, tenure (e.g., knowledge of the 

company’s specific processes and intellectual capital) is rewarded to the degree 

that it is associated with advancement. 

INSIGHT ON PAY INEQUITIES
While pay philosophies reflect differences in pay practices, they may also reflect 

differences in compensation review processes and unexplained pay gaps — pay 

differences between groups (e.g., genders) that exist after accounting for legitimate 

factors (Levine and Greenfield 2015). While Figure 2 shows that there is variance 

in unexplained gender pay gaps in every cluster, the average gap is lower and the 

spread of gaps diminished for the role-based and commitment-based clusters. It 

is likely that these clusters are associated with lower levels of pay discretion that 

itself drives gaps.
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CONCLUSION
Statistical models from pay equity analysis can drive significant insights about 

compensation philosophies that materialize in different areas of an organization. 

Indeed, analysis conducted over more than 800 employee segments across more 

than 50 organizations shows that at least five different compensation philoso-

phies can be uncovered through review of such models, and there is value in 

assessing the appropriateness of the revealed philosophy for a segment. It is the 

authors’ view that, within an organization, such models can be reviewed against 

the typology derived in this study with potential to optimize compensation prac-

tices. The authors also provide evidence that discretion in rewards, while providing 

important benefits, can lead to inequities. Such inequities can be reduced to the 

degree that procedural guardrails can be applied. ❚

ABOUT THE AUTHORS

Brian Levine, Ph.D., (brian.levine@mercer.com) is a partner in Mercer’s Workforce Strategy and Analytics 
business and Mercer’s Pay Equity Leader. Levine has led pay equity analyses for more than 20 years at Mercer 
and designed the company’s methodology and proprietary Pay Equity Calculator software. He has a Ph.D. in 
economics from Cornell University.

FIGURE 2 Unexplained Gender Pay Gaps by Cluster Show Smaller Gaps for Segments with 

Role-Based and Commitment-Based Pay Philosophies

NOTE: For each cluster, a simplified boxplot shows the 25th percentile, median and 75th percen-
tile of the unexplained gender pay gap. Negative gaps are adverse to women. Note that these 
gaps are calculated using fully specified regression models that Mercer tailored for each organiza-
tion in the analysis sample.
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